The photovoltaic (PV) power supplies renewable and sustainable electricity without greenhouse gases and air pollutants emissions. However, the potential environmental impacts caused by PV power plants can negatively affect both the ecosystem and human life. Thus, the environmental costs arising from the PV power plants should be measured and the efforts to reduce them should be made. To this end, this article seeks to assess the environmental costs of PV power plants using a choice experiment (CE). Four attributes chosen for this purpose are habitat loss, landscape destruction, hazardous materials, and light pollution. The trade-offs between each attribute and price were successfully assessed in the CE survey of 1000 South Korean respondents. The environmental costs of a one percentage point increase in habitat loss, landscape destruction, hazardous materials, and light pollution caused by PV power plants are estimated to be KRW 135 (USD 0.12), 53 (0.05), 122 (0.11), and 158 (0.14), respectively, per household per month. The findings can provide policymakers with useful information for both evaluating and planning the PV power plant-related policies.
Introduction
Consumption of fossil fuels has caused various environmental issues, such as air pollutants and greenhouse gas (GHG) emissions. Therefore, promoting the use of renewable energy has become an important national energy policy issue in South Korea. The ratio of renewable energies to total generation was 6.6% in 2015. The South Korean government is planning to generate 20% of electricity consumed in the country through fuel cell and renewable energies until 2030. In fulfilling the plan, photovoltaic (PV) power plants will play a crucial role since there are scarce sites suitable for wind power generation in South Korea. For example, the capacity of PV power plants will increase from 5 GW in 2016 to 37 GW in 2030. The total capacity of power plants in 2030 is expected to be 132 GW. Consequently, the PV power plants will account for about 28% of the total generation capacity in 2030.
The supply chain of South Korean PV industry is made up of five poly silicon-producing companies, 10 ingot and wafer-producing companies, five solar cell-producing companies, 19 PV module-producing companies, and a number of PV system installation companies. The production capacities of poly silicon, wafer, solar cell, and solar module are 96,000 tons, 2830 MW, 2145 MW, and 4280 MW, respectively, as of 2015. There are three representative companies in the PV industry. They are Hanwha Q CELLS, Hanwha SolarOne, and OCI. Hanwha Q CELLS is a total solar power solution provider with the world's largest cell production with its cell capacity of 3280 MW. Hanwha SolarOne is one of the top 10 PV module manufacturers in the world. OCI is a major supplier of solar materials, and light pollution. Furthermore, we anticipate this study can provide policymakers and researchers with a promising opportunity to explore environmental cost caused by PV power plants.
Therefore, the purpose of this study is to measure the environmental costs of PV power plants using a specific case of South Korea. The remainder of the paper is divided into four parts. Section 2 explains the CE approach adopted in this paper and discusses the methodological issues. Section 3 presents the theoretical and statistical models used to obtain the WTP for mitigating negative effect caused by PV plants. Section 4 includes the estimation results and the environmental cost of certain scenarios. The final section presents some concluding remarks.
Methodology

CE Approach
Costs and benefits are the same as both sides of a coin. That is to say, we can assess the environmental costs through estimating WTP for mitigating the environmental damage. In this study, we estimate WTP for mitigating damage of PV power plants, and it would be interpreted as the environmental cost of PV power plants. Moreover, we calculate marginal WTP (MWTP) and measure the environmental cost of a one unit increase in each attribute using the CE approach.
CE is a multi-attribute preference-driven technique that is widely used to assess new products before introduction and to plan new markets for well-known products [22] [23] [24] . When compared to other evaluation methods, CE is good at evaluating environmental goods with multiple characteristics [25] [26] [27] [28] . The contingent valuation method also uses a survey to estimates people's utilities and is popular in estimating the economic value of non-market goods, while CE measures goods with several distinguishing characteristics and has often been used as an alternative to the contingent valuation method.
CE is an attractive approach. First of all, when measuring the value of each attribute embedded in an environmental good, CE gives the results in an easy and simple way. This is a powerful quality for policymakers; in most cases policymaking is more related to changing attribute levels than to varying the level of the good as a whole [29] . Secondly, it shows the relationships among several environmental attributes or whether there can be trade-offs between environmental and non-environmental elements. This trade-off process may encourage respondents to introspect their responses; it also facilitates checks of the consistency of response patterns [30] . In CE, as respondents are asked several times with different questionnaire, it is possible to check the consistency of response patterns. In addition, as the CE approach does not ask respondents for their WTPs, it reduces the number of protestant responses, especially with respect to those who are either against increases in payment burden or unwilling to accept environmental degradation in return for payment. It also increases the amount of information that is obtained from each respondent, thus reducing the required sample, and hence reducing the costs of the survey [21] .
Choice-based approaches can be divided into three methods: contingent choice, contingent ranking, and contingent rating [31] . The contingent choice method shows the respondent a questionnaire, which consists of two or more hypothetical alternatives, and obtains the respondent's preferred decision, whereas the other two methods require the respondent to record his or her opinion on each alternative. In a contingent ranking survey the respondents rank their preferences from the most-preferred to the least-preferred [32, 33] . The contingent rating method has different answers: the respondents must give their preference for, or rate the importance of, the alternatives by giving each a minimum of one point and a maximum of ten points.
Among the three CE methods, we applied the contingent choice method because choosing one alternative is simpler than ranking or rating a list of alternatives. It would have been burdensome for the interviewees to consider all the alternatives in every choice set, and this would have led to insincere replies. Reducing the burden on respondents helps them to express their preferences or opinions sincerely. We tried to take advantage of this as data reliability is essential to questionnaire analysis. A choice system is also similar to people's behavior in the real world. Most purchase behavior is the selection of one item from two or more similar items, or the selection of the best item. Consumers rarely rank all items or rate all of them, as this is irritating and makes them likely to give up answering all the questions or to answer them carelessly, which would generate erroneous study data. Thus, we used a contingent choice method in order to reduce respondents' resistance and the number of refusals. Although the CE format was unfamiliar to the interviewees, they easily understood how to respond to the questionnaire: answering the questionnaire is like their usual activities.
Attributes
This study assumes various hypothetical policies which consist of multiple attributes and estimates of the environmental costs of PV power plants by assessing these hypothetical policies. To identify the important attributes of the environmental damage that is caused by the PV power plants, we selected a preliminary set of attributes that was derived by extensive literature reviews. Then, we reviewed and revised the attributes through extensive interviews with policy analysts, researchers, and academics. The final attributes were selected based on the five criteria listed below.
First, the attributes should be independent or nearly independent of one another. Second, there should only be a few attributes-preferably not more than six-because otherwise trade-offs become difficult to understand; further, trade-offs cannot be displayed to respondents in a comprehensible form if there are too many attributes. Third, attributes should be describable through a combination of simple explanations and visual instruments such as photographs, charts, and pictures. Fourth, attributes should be scientifically meaningful. Fifth, the change in the level of attributes should influence respondents' utility and relate to their reasons for having WTP to mitigate the environmental damage [21, 34] .
By using these five screening criteria, we identified five attributes. These include the habitat loss, landscape destruction, hazardous materials, light pollution, and price. The price attribute is defined as the additional monthly electricity bill per household, which is likely to be familiar to respondents in general. The price refers to the cost involved in reducing the environmental damage caused by PV power plants. We decided the levels of the price attribute through a pre-test. In this study, a pre-test was conducted by asking a focus group (30 persons) how much she/he is willing to pay for alleviating the environmental damage. Then the upper and lower bounds were determined based on the distribution of the focus group's WTP. The lower bound is zero and the upper bound is KRW 7000.
The levels of four attributes (except for price) were refined through using a focus group to discuss respondents' understanding of and reaction to them, and was set to prevent equidistance. This focus group's input helped us to identify the most important and meaningful levels. The highest level represents the worst environmental degradation scenario and the lowest level means the status quo level. In the case of light pollution, we followed the Illuminating Engineering Society of North America definitions.
One of the most important things in the survey is to clearly identify the differences between the each level. Therefore, our CE survey was conducted using face-to-face in-person interviews. We wished to convey a large amount of explanatory information to the respondents on definition and character of each attribute and present visual cards describing environmental impacts of each attribute level. This is why we chose face-to-face interviews. About 30 min of face-to-face interviews were taken for each individual. Moreover, the supervisors affiliated with the survey company trained the interviewers to implement the CE survey as persuasively and effectively as possible. Table 1 shows these attributes and how each of the levels of the attributes was defined. 
Design of Choice Sets
A key problem encountered in a CE is information overload, that is, there are too many alternatives with too many complex attributes. Thus, for instances where there are too many alternatives, a data-generating process is essential. This process will rely on carefully designed choice tasks that help reveal the factors that influence the choice. In designing a CE, it is important to define the attribute space (including the attributes and the range) with care, such that it includes the portion that is relevant for the policy questions being asked. Furthermore, CE involves the use of statistical design theory to construct choice sets that yield coefficient estimates that are not confounded by other factors [34] . Among various designs, such as the C-optimal, D-optimal and efficient designs, we used the orthogonal main effects design, which is effective at obtaining solely individual effects in the choice sets. The ability to incorporate this orthogonality is an important advantage over the revealed preference random utility models, in which, in reality, attributes are often found to be highly correlated with one another [29] . The orthogonal main effects design was implemented using the SPSS 12.0 package [35] .
The orthogonal main effect designs allow the estimation of the part-worths for all main effects. Interactions, where the part-worth of a level of one factor depends on the level of another factor, are assumed to be negligible. These designs are attractive to researchers because they are usually quite small in size even when the number of the attributes and their levels is considerably high [36] . Moreover, they can avoid multicollinearity between the attributes and allow a consistent estimation of the effect of all attributes independently of each other. The coefficients estimated using such designs are generally characterized by minimum variance [37] .
The CE questionnaire was comprised of two mitigation alternatives and a status quo alternative. We had a sequence of 4 4 × 5 alternative groups in order to make each choice set. Consequently, there were 4 2 × 4 2 × 4 2 × 4 2 × 5 2 possible combinations of attributes and levels to form the choice sets. However, since it was impractical to ask respondents to choose from all combinations, we narrowed this number down to sixteen alternatives, resulting in four selections for each person. Each choice set comprises three alternatives: alternatives A and B, and the status quo alternative. Thus, we can make eight choice sets and group them into two blocks. Each block has four choice sets. The respondents were randomly allocated to one of the two blocks. Thus, we provided each respondent with four choice sets and demanded the choice of one alternative among the three within each choice set.
Each respondent was asked to select one of three alternatives four times. Figure 1 is an example of choice card we present to the respondents. This is an example of the choice card we present during the survey. After they read the description of each attribute with visual cards, they look the card over and compare three alternatives including status quo. The final step is to choose A, B, or Status quo.
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Questionnaire and Survey
We prepared a survey questionnaire with the assistance of experts at a polling firm and tested it with a focus group to see how well potential respondents understood the questions. The final version reflected the inputs of the focus group as well as the advice provided by the experts at the polling firm who were assigned to organize the fieldwork.
The survey instrument consists of three parts. The first is an introductory section, explaining the general background information on PV power plants to the respondents and then familiarizing respondents with the attributes of the impact of PV power plants. To enhance respondents' understanding, a color photograph of a process of operation and environmental damages of PV power plants was inserted into this section. The second part contained CE analysis questions that were designed to elicit respondents' WTP for mitigating damage of PV power plants by estimating trade-offs between price and other attributes. The final part contains questions relating to the households' socioeconomic variables.
This study is the first that uses a CE for evaluating the economic costs of environmental damage caused by PV power plants. Hence, it was not clear whether the respondents had fully understood the trade-offs between price and other attributes of the environmental damage described in the scenario. Therefore, we conducted person-to-person interviews where we gave detailed questions to respondents in order to obtain higher response rates. To derive the respondents' reliable and responsible decision making, 20-to 65-year-old heads of households were selected and interviewed in the CE survey.
The survey was conducted for a month from 1 June 2016. The post-interview follow-up telephone check was done to reduce the number of skipped questions and to verify the results of the survey, both of which tend to increase the reliability of our data. Besides obtaining answers for the skipped variables, a total of 1300 observations verified that the CE survey was properly conducted. We asked by phone whether the interviewer performed their job properly, whether the interviewers used the visual aids properly, and whether the respondents sufficiently understood the CE questions. We also checked the consistency of the respondent's answers by asking several questions again. Perhaps remarkably, respondents in Korea understood the CE questions easily with the help of the interviewer. 
The survey was conducted for a month from 1 June 2016. The post-interview follow-up telephone check was done to reduce the number of skipped questions and to verify the results of the survey, both of which tend to increase the reliability of our data. Besides obtaining answers for the skipped variables, a total of 1300 observations verified that the CE survey was properly conducted. We asked by phone whether the interviewer performed their job properly, whether the interviewers used the visual aids properly, and whether the respondents sufficiently understood the CE questions. We also checked the consistency of the respondent's answers by asking several questions again. Perhaps remarkably, respondents in Korea understood the CE questions easily with the help of the interviewer.
In the process of verification, 300 observations from the original total of 1300 interviewed were removed from the sample. For some observations, we could find no one by the given name at the telephone number given by the respondent. For some questionnaires, the answers given over the phone were inconsistent with the answers given in the interview. For some survey results, there were skipped variables that cannot be made up over the phone. Some respondents frankly confessed that they did not pay attention to the CE survey. Some observations were evaluated to be of poor quality by the interviewers. Finally, we obtained 1000 useable observations.
Two points concerning the survey should be investigated. First, given that only 1000 households were chosen, we check whether this number is sufficient to make useful conclusion or not. According to Arrow et al. [38] , 1000 useable observations are enough for researchers to derive a statistically acceptable and representative conclusion. To the best of the authors' knowledge, this study employs bigger sample size than other applied CE studies found in the literature. Moreover, as explained above, we asked each respondent four questions. Thus, the actual number of observations is 4000, which is definitely not small. Second, whether the interviewee having no any concept and knowledge of PV system before the survey could give a reliable response or not should be also examined. In this regard, the trained interviewers provided the interviewees with many visual aids such as color pictures describing the PV system easily and explained them persuasively in the field survey. Judging from the interviewers' comments, the respondents could understand the PV system without any great difficulty. Therefore, it does not seem that the sample size and/or the respondents without prior knowledge about PV systems hinder us from making a reliable conclusion.
The Model
Random Utility Model
The random utility model is a well-known model in CE studies. In this study, we obtained the respondents' choices from three available alternatives; a multinomial logit (MNL) model [39] was adopted. The random utility model explains the consumer's utility in the form of an indirect utility function. The indirect utility function (I ij ) is divided into two parts: a deterministic part, D ij , and a stochastic part, e ij .
where X ij has the attributes in alternative j and C i is the characteristic set of the respondent i. The respondent i who chooses alternative j from choice set S i gains more utility than he or she does from choosing another alternative k; that is, I ij > I ik for j = k in S i . His or her probability can be written as:
If the unobservable effects e ij are independently and identically distributed with a Type I extreme value distribution, the probability is:
Each respondent answers with the preferred alternative among the four choice sets. Each choice set consists of the status quo alternative and three other alternatives; j ranges from 1 to 4. Now we have a data of the respondents' indirect utility function. The equations have different values depending on their choice (j). As mentioned above, we showed four types of choice cards to the respondents; thus indirect function changes according to the type. This is why the indirect utility functions have a subscribe i and j, which means indirect utility function has different value from the respondent i and the alternative j.
To obtain the estimates of parameters, we applied the MNL model. It constructs the log-likelihood function which includes the deterministic part, D ij , of the indirect utility function. When y ij is a dummy variable for a chosen alternative and N is the total number of respondents, the log-likelihood function is given by:
To analyze the above function, we used maximum likelihood (ML) estimation which finds out parameters to maximize the log-likelihood function. Note that Pr(j|S i ) is a function of parameters β and regressors X and y ij takes 1 only as the respondents choose j [40] . The first-order conditions for the ML estimation are:
∂L ∂β
WTP Model
As mentioned above, the deterministic part (D ij ) of the indirect utility function is explained by the attributes X ij . We set up the attributes in a linear functional form. The attribute vector is defined as follows: (X 1 , X 2 , X 3 , X 4 , X 5 ) = (Decrease in habitat loss, Abatement of landscape destruction, Reduction of hazardous materials, Decline in light pollution, and Price). An alternative-specific constant (ASC) was added to the deterministic part to estimate the effect of a missed series of attributes [41] .
By differentiating D ij with respect to X ij , MWTP is given by:
The β's are the estimated coefficients of each attribute, and the combinations in Equation (7) represent the trade-off between the price and each attribute. They can also be interpreted as the marginal rate of substitution between them.
Results
Estimation Results
Table 2 presents the estimation results. We introduce ASC to capture the average effect on utility of unobserved factors in the model. There are three places to insert ASC; if we have three ASCs we have a problem in interpreting it. To prevent this, normally at most (n − 1) ASC can be entered when J alternatives are presented. In this paper, we included one ASC in the model. Only status quo alternative have ASC, which means reference to other alternatives.
All the coefficient estimates are statistically significant at the 10% level. Moreover, their signs are consistent with our expectation. Four of the attributes (except for price) have positive coefficient estimates, indicating that those are valuable for the respondents. Therefore, people are more likely to agree to pay a certain bid amount if this would mitigate those environmental damages. Unlike the signs of the other attributes, the sign of the price coefficient is negative and statistically significant: the higher the price, the lower the probability that respondent i will select the alternative. It is natural that a higher payment lowers the utility, which implies that the survey was reasonably implemented. Notes: a The variables are defined in Table 1 . b,# indicates statistical significance at the 10% level. c ASC refers to alternative-specific constant, which represents a dummy for the respondent choosing the status quo. d The null hypothesis is that all the parameters are zero and the corresponding p-value is reported in parenthesis beside the statistic.
MWTP Estimates of Each Attribute
The MWTP calculated on the basis of Equation (7) are shown in Table 3 . For example, WTP for a one percentage point decrease in habitat loss can be calculated from the equation −0.297/(−0.220) by hand regardless of its standard error. The monthly MWTP for one percentage point decrease in habitat loss is KRW 135 (USD 0.12). Its t-value was computed as 7.82, indicating that the MWTP value is significantly different from zero at the 1% level. The monthly MWTP for one percentage point decrease of habitat loss was computed as KRW 135 (USD 0.12). Similarly, the MWTPs for one percentage point abatement of landscape destruction, for one percentage point reduction of hazardous materials and for one percentage point decline in light pollution were KRW 53 (USD 0.05), KRW 122 (USD 0.11) and KRW 158 (USD 0.14), respectively. The MWTPs for these three attributes are significant at the 1% level. The importance of the four attributes can be inferred from a comparison of their MWTPs. The MWTP result does not of itself reveal the importance level, but instead indicates the increase in WTP.
Arranging these values in ascending order reveals their relative importance. People believed that a one percentage point decline in light pollution is more significant than others, because the MWTPs for a one percentage point decline in light pollution was higher than other three attributes. This is probably because people want to avoid light pollution more than habitat loss, landscape destruction and the release of hazardous materials. However, people are less sensitive to landscape destruction.
We report the confidence intervals for the MWTP of each attribute, rather than its point estimates only, in order to allow for the uncertainty involved in the MWTP estimates [43] and to lessen the risk of errors; point estimates have a high error risk. Since a report on interval information reduces the probability of an incorrect prediction, it is more reliable and beneficial for use in a development policy for the weather forecast service. In this paper, we used the Monte Carlo simulation method [44] to obtain 95% confidence intervals for the MWTPs. The MWTPs for the four attributes and their 95% confidence intervals are shown in Table 3 .
This result also can be interpreted in terms of environmental cost. As previously stated, we can measure environmental cost by computing WTP. Therefore, the environmental costs of a one percentage point increase in habitat loss, landscape destruction, hazardous materials, and light pollution caused by PV power plants are estimated to be KRW 135 (USD 0.12), 53 (0.05), 122 (0.11), and 158 (0.14), respectively, per household per month. These results are interpreted as follows in the case of MWTP: people are most concerned about light pollution and are most insensitive to landscape destruction.
Scenarios for Environmental Costs of PV Power Plants
Policy implications can be drawn from various scenarios for environmental costs that are combinations of these attributes. In the same way as before, the environmental costs of the scenarios were assessed by calculating MWTPs of the attributes. This application uses the power of the CE method to overcome the changeability of policy planning. We were able to compute the environmental cost for the proposed scenarios and rank these, and thus prioritize the scenario with the highest environmental cost. This ranking helps to evaluate the environmental costs of each potential scenario, even though it contains preliminary information.
This study considers three scenarios for environmental damage caused by PV power plants. Scenario A is a situation where the worst habitat loss, slight landscape destruction and light pollution occurs. Scenario B is a situation where the worst hazardous materials, slight habitat loss and light pollution arises. Scenario C is a situation where the worst light pollution, slight landscape destruction and hazardous materials happens. In each scenario, a total of 35% point of environmental destruction occurs. The specification of the scenarios and the resulting environmental costs are indicated in Table 4 . The detailed calculation process is as follows. For scenario A, the monthly environmental cost of increasing in habitat loss by 20 percentage points is KRW 2700 (USD 2.3), that is, 20 times KRW 135 (USD 0.11). The monthly environmental cost of increasing in landscape destruction, increasing in hazardous materials and increasing in light pollution, are calculated in the same way. Other things being equal, a household's monthly environmental costs for Scenarios A, B, and C are KRW 4545 (USD 3.92), KRW 4695 (USD 4.05), and KRW 4300 (USD 3.71), respectively. A household's annual environmental costs are about KRW 54,540 (USD 47.08), KRW 56,340 (USD 48.64), and KRW 51,600 (USD 44.54), respectively. The total costs for each scenario are obtained from a simple computation.
Calculating the aggregate value for a certain scenario is helpful in predicting the resulting public costs. Measuring and comparing the aggregate value of the various scenarios is useful in choosing between many scenarios.
The annual environmental cost for all households in South Korea was calculated by multiplying the annual environmental costs by the number of households in 2016. According to Statistics Korea, the number is 19,284,671. The last row of Table 4 shows the total environmental costs for each scenario. As a result, scenario B had the highest cost, followed by Scenarios A and C in order. Hence, Scenario B should be avoided if other conditions are identical in each scenario. Scenario analysis is excellent for determining investment efficiency. Moreover, the scenarios are customizable and flexible, so this analysis is easily applied to the evaluation of environmental costs.
Concluding Remarks
South Korean government has vowed to boost the power supply from clean and renewable energy sources while pushing to wean the country off nuclear and coal-fired plants. Among them, PV power plants will increase greatly. Various studies have been conducted regarding the WTP and social externality for PV power. However, the environment and energy policies should be determined very carefully because there is room for concern about negative circumstances of the environment and human life. Moreover, no research about the environmental cost caused by PV power plants has been carried out. For this reason, we assessed the environmental costs by estimating WTP for mitigating environmental damage.
This study aimed to provide quantitative information on the environmental costs in South Korea to assist policymakers in determining the most effective investment level for renewable energy policy. To this end, CE and the MNL model were applied. In detail, the marginal value of improving each attribute of the South Korean was estimated, and the environmental cost of potential scenarios was calculated. Overall, the survey was relatively successful in eliciting MWTP values for reducing multiple types of environmental damage that would result from the PV power plants. Respondents were able to choose an alternative from a given choice set. Further, the MWTP estimates were statistically different from zero.
The monthly MWTP for one percentage point decrease of habitat loss was computed as KRW 135 (USD 0.12). Similarly, the monthly MWTPs for one percentage point abatement of landscape destruction, for one percentage point reduction of hazardous materials, and for one percentage point decline in light pollution were KRW 53 (USD 0.05), KRW 122 (USD 0.11) and KRW 158 (USD 0.14), respectively. Moreover, this result also can be interpreted in terms of environmental cost. These results imply that people are most concerned about the light pollutions and are most insensitive to landscape destruction. The expected total environmental cost of the scenarios for a PV power plants that provided five percentage points increase in habitat loss, 20 percentage points increase in hazardous materials, and 10 percentage points increase in light pollution was approximately KRW 1.09 trillion (USD 0.94 billion). Moreover, our study results suggest that the public is willing to shoulder additional taxes to mitigate environmental damage.
This study provides insight for both research and policymaking. From a research perspective, this study demonstrates the feasibility of extending the application of CEs, at least to valuing the environmental damage that is caused by PV power plants. This study is significant in that it is the first study ever to apply the CE to measure the environmental costs that result from PV power plants. From a policymaking perspective, this study provides useful information to policymakers for the development and implementation of more appropriate policies to deal with the environmental damage that is caused by PV power plants. It also illustrates that there is a substantial non-market MWTP for mitigating the multiple types of environmental damage that are caused by PV power plants and that respondents place differing values on the changes in attributes. Lastly, the results from this study provide a useful framework for incorporating such quantitative information for evaluating various policies with regard to the plans under consideration for PV power plants.
